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Abstract: Owning to the great growth of e-learning objects, authorities (e.g. ADL and
IEEE) have developed some metadata standards to facilitate the keyword search for various
e-learning applications. However, too much fields, such as 58 blank fields in IEEE LOM,
waiting for authors or annotators to fill up become an endless nightmare. In order to reach
our vision of sharing and reusing valuable assets, the needs for an intelligent and automatic
annotation system become more and more urgent. Among these 58 elements, it is the most
difficult to extract the fittest solutions for Description, which calls for the advanced Chinese
language processing technologies to generate the suitable value. We also adopted the
Self-Organizing Map clustering method from Neural Networks, feature selection from
Information Retrieval, and Latent Semantic Analysis from Linguistics to cope with the
automatic annotation problem.

In this paper, we proposed a novel approach called Clustering Descriptor, CD, to
automatically generate the description metadata in TW E@M.earning Object Metadata
application profile in Taiwan. Then, we conducted two experiments to evaluate the
annotation quality for Description data element in terms of three parameters: clustering,
feature weight, and semantics. Because of the benefits from clustering and feature weight,
Clustering Descriptor achieved improvement in precision rate: 6.30% (clustering) and
8.60% (clustering plus feature weight) compared with the baseline.

Keywords. Description generation, metadata annotation, summarization, TW LOM,
e-learning

Introduction

As we all know, designing a suit of good-qualigarning objectsis the time-consuming and
labor-intensive work. For this reason, how to facilitaterthesability of existing ones and create

their new added values become the more and more crucial issues for many e-learning applications.
In order to achieve this ultimate goal, one approach is to annotate them with certain descriptive
metadata so that the relevant learning objects, closely matching user's needs, could be easily
retrieved later on. However, to improve learning object’s reusability with metadata annotation, we
must create certair-learning standardsn advance. HencdEEE (Institute of Electrical and
Electronics Engineers) LOM (Learning Objects Metadd®a)] and ADL (Advanced Distributed
Learning) SCORM (Sharable Content Object Reference M{itl)are developed to meet these
demands.

Figure 1 introduces a simple metadata-baseflS (Learning Management System)
architecture [13] to explain how we could use the annotated learning objects to apply to various
applications.

When users login the LMS, they first register their personal informationuseaprofile
management modul€ommonly, at least two basic operations are user-friendly allayedyand
annotation.

Query. Using queries in Chinese language, users can send their requests gigershe
interface to the query-processing moduyleand the LMS automatically conducts tlinese
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Language Processing (CLR3sks. Then, the LMS responses the highest relevant learning objects
stored in its repository to tlntent aggregation modylso as to reassemble these learning objects

for further use. Finally, users could get the reusable learning objects aggregated from the existing
ones.

Annotation. Either authors or annotators can annotate learning objects usiagnibtation
interface System could automatically or semi-automatically generate the suitable values
accompanied with the user profile to fill up theplication profile (APYor TW LOM (Taiwanese
LOM). Thus, the annotated learning objects could be stored back to the centralized or distributed
repository.
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Figure 1. Simple LMS architecture to facilitate two basic learning-object operations. query and
annotation.

However, it is impossible to annotate huge amount of learning objects without computer help
in a short time. The annotation process is not only tedious and boring, but also prone to
inconsistencies for humans—the same annotator who annotates the same learning objects at the
different timemight provide different answef$3]. Besides, for each learning object, IEEE LOM
consists of fifty-eight blank fields waiting for annotation. Some are mandatory; others are optional.
Their values much depend on the application profile. For a naive author or annotator, he is easy to be
stuck at certain unfamiliar fields and to eventually leave empty values for some unsure ones.
Therefore, designing an intelligent and automatic annotation system without too much intervention
for humans has attracted much attention for the e-learning communities and societies.

Among those fields to be annotated in TW LOM, the toughest one might lyeieeal
descriptionfor a learning object. An annotator must fill it up with some phrases or short sentences to
highlight the learning object’'s content. To some extent, it is equivalent to addcsonmeents
summarized from the overall learning-object contents. To automate this process, after we adopt
content mining to analyze the learning objects, many advanced technologies might still need to be
involved: Chinese language processifgyword extraction—the average performance is around
80% [13], summarization-the average accuracy is about 50% [7][11][23]. In this paper, we
proposed a practical approach that could automatically generate a meaningful summary as a
description of the TW LOM metadata.

1. Related Work
In this paper, we conducted a thorough survey from Luhn’s pioneer work in 1958 [13] to the
prevalent summarization technologies—summarization usingstipervised vsunsupervised
learning [13][7][22], thelexical [2][3][5][20] vs. semantic sentence extraction [6][6][16][20][23],
and theconditional random field$19]. By definition, description is textual description of the
content of this learning objedHence, we could treat this descriptive problem as mining the most
significant sentences from those learning objézisresponding to th@formation retrieval (IR)or
thetext miningresearch work).

[23] proposed two approaches to extract the important sentences for a summary. The first one
is corpus-based11]. Authors considersentential positionskeywords and feature weightas
prominent constituents. They tried to formulate a good summary using those parameters. Their
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second method adopted tlagdnt semantic analysis (LS&)d text relationship map (TRM) [18] to
dig out Chinese document’s structures in order to find the significant candidate sentences
comprising the final result.

For a certain given Chinese documi#], we segment them into sentences according to some
terminating punctuationsuch as a question mark f, an exclamation mark!(), a period (- ), and
so on. Then, we extract features from the previously segmented sentences basedrarudleir
dependencigsand obtain many candidate features at hand. Usinfuizgy C-meanslustering
algorithm, we obtain some clusters regardesduddopicshased on the extracted candidate features
beforehand, and combine them to generate the final answer.

By the Chinese language processing techniques, we could also extract candidate keywords
from the text easily [8]. Theemantic networkandcontext relationsare used to attadmguistic
meaninggo those keywords. We aggregate them into groups of different concepts, and select the
most significant sentences by evaluating their salient features in the long run. Then, the desired
summary could be successfully obtained.

With nearly half-decade evolution, new methods, on the one hand, are still under development;
another important issue (evaluation among summaries), on the other hand, pays much attention by
the societies-Though more and more advanced techniques have been invented, “How good is it?”
frequently struggles with our mind [10]. In 90’s, U.S. governmBARPA (Defense Advanced
Research Projects Ager¢yaunched thdIPSTER Text ProgranTIPSTER Text Summarization
Evaluation (SUMMACI}0 conduct the large-scale assessment on document processing [30]. They
focused on three areaBocument Detectioninformation Extraction, andSsummarization, and
divided their mid-term project into three phasdzhase | (1991-1994), Phase Il (April
1994-September 1996), aRthase 111(1996) [4]. Text summarization evaluation was one of their
goals at Phase lll. [4] assessed fifteen research projects to approach the text summarization in the
realistic scenarios.

Learning objects, analogy to the text documents in certain extent, could be regarded as an
information pool for instance, words, keywords, topic words, sentences, topic sentences,
paragraphs, etc. If we further consider tioenpression rat®f the information gain within it, we
might mine various kinds of significant knowledge from the huge learning objects. Take the hottest
application:text messagingn the cell phones for an example, because of the small display screen
size, summarized headline news less than one hundred words becomes urgent demands for the
service providers [21].

In this paper, we only focus on one of the prevalent summarization techniques called sentence
selection. That is, we adopt some strategies to weight the chosen candidate sentences, and pick up
the highest ranked ones to be the potential values for the Description data element in our TW LOM
application profile.

2. Automatic Description Generation

We proposed a method call€lustering Descriptor (CDJ9][13] to automatically generate the
meaningful value for the description. Why adoptc¢hestering techniqueisistead of others? Before
answering this research question, let us look back to see how people select sentences as a description
in reality. That is, annotator’s behavior problem

Assumption 1. In a common situation, an annotator would not pick up other relevant sentence(s) as
the learning object description after he already chooses certain candidate sentence(s). That is, no
semantic redundanayould be involved within the description.

Assumption 2: On average, we choose three to Beatences as the resulting description.

We attempt to refer some new ideas to improve corpus-based description generation. First, we
pay much attention to other features than [14] does so as to find out more $héatdéc words
involved with the discourse. Moreover, we ad@alf-Organization Map (SOMyom Neural
Networksto group sentences having similar meanings into clusters [23]. Furthermore, in order to
enhance clustering results, we use Latent Semantic Analysis to mine the implicit semantic meanings.
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In this paper, we consider the following 4 featutdgmatic wordposition, TFIDF (Term
Frequency and Inverse Document Frequenayydtitle to decide whether a sentence is an ideal
candidate or not.

F.: Thematic Word. A critical sentence often consists of more thematic words [13]. For a
sentenca containing n words (length is n): waravord,, and word, we define itshematic scoras
F., where a thematic word consisting of five components is listed in Table 1.

Thematic words in
F, (sentence s) = | SI ...................................................... Q)

F,. Position. Key sentences are often located at some significant positions. For insience,
first sentence in the first paragraph usually includes many informative concepts. So, we regard
those places as the higher priority than others. For each s belonging to a senf&nekesetve take
its position i into account, we define its positional scaseconditional probability £

F,(s) = P(4] S| Positign inthelearning ob)e.............ccc.ocoiiiinieinn (2)

Table 1: Thematic words.
Feature Comment
® TF: term frequency
® |IDF: the number of learning objects containing a specific term

Frequency TFIDF

Position @nTi_tIe Pos?t?on ?stitle or heading
inFirst Position isthe first paragraph
Part of Speech POS E.g. “<Nb>", "<VT>"
Punctuation inPun Eg.“"<>""
sing(word) = g(x) where g(x) is &euristic functiorabout the word
1, x=1

Morphology significance, sing length; g(x) =1 log2x, 2< x< €[24].
3, x>8

Fs: TFIDF. TFIDF can measure the semantic strength among words and learning objects.
Hence, we use it to calculate the competence for every sentence. If a sentence contains plenty
semantic meanings, its score will be higher than other sentences. We call TFIDFR;score F

D TFxIDF
Fy(s) ==

B

F, TitleWord. A sentence is much similar to the title in semantics when it contains more title
words. i formulates this definition:

#(Title Wordsin s,

T

After linearly combining E F», Fs, and iz with certain weighto, (3, 8, andw, we define the
score function, SF(s), for each sentence s. The importance for s in the final description annotation
highly depends on SF.

F (s)=

SF(s) =axF +BxF, +oxF,+3xF, 5)

Definition 1. Description. A description is a sentences collection containing the most significant
sentences within a learning object.

Definition 2: The Representative Sentencein Description. A sentence is the representative one in
the description since it gets higher score than others with four feature measurement in (5).
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In section 2.1 and 2.2, we show h&af-Organizing Map andClustering Descriptoadapt to
the learning object description generation.

2.1  Sdf-Organizing Map Approach

Self-Organizing Map is a&lustering algorithmused to map a multi-dimensional dataset onto a
two-dimensional map. The output results are viewed in a Self-Organizing Mdpigoite 2) [29].

The advantage of Self-Organizing Map is that we don't need to decide the value of k as in the
k-meansclustering algorithm [23]. Therefore, after dividing sentences into clusters, we could pick
up a representative from every cluster to become the potential value for the description.

W' i Modu
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e Q Q@ QQQ
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Figure 2: A Self-Organizing Map unit.
The framework (Figure 3) we proposed consists of 3 phases:

Phase 1Pre-processing. Convert a learning object into a plain text file, and feed it int€Ctiirese
Parser[25] for tagging andsegmentation. We only concern nouns and verbs as potential
concepts within sentences.

Phase 2Concept Clustering. Use Self-Organizing Map to group sentences into clusters by their
concepts.

Phase 3:Sentence Selection. Rank the cluster priority by SF (5), and find out the candidate

sentences as the most possible value for the description.
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Figure 3: Framework of our Self-Organizing M ap approach.

2.2 Clustering Descriptor

Latent Semantic Analysis can extract and infer relations from passages to make the clustering results
more meaningful [11]. The framework of the Clustering Descriptor is shown in Figure 4. In order to
elaborate more subtle semantics, we atlafgnt Semantic Analysis modelour problem domain.

We regard the plain text file from pre-processing phase &erd-by-sentence matriM, and

construct a new matri®’, with add-on semantics usis@ngular value decomposition (SVBnd
dimension reduction, where each column represents sentences in semantics; each row represents
words in semantics. Then, we convey M’ into Self-Organizing Map to gain the clustering
performance.
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Figure 4: Framework for Clustering Descriptor.

2.3  Description Generation

In order to decide the cluster’s priority, we sum up all sentential scores in each cluster. So, critical
clusters would get higher scores. Besides, because title sentence is commonly comprised of the most
likely semantics for the discourse, we assign those clusters containing the title sentence the highest
priority.

After those complex processes, we can dig out the final descriptive sentences. Take Figure 5
as an example, we define that every description consists of three sentences. From cluster’s ranking,
cluster G, C,, and G get the highest scores while clustec@ntains the title sentence S1. Therefore,
the final description is (S1, S5, and S4).

Tille senienee —=
Z Q
\ _

Figure 5: Cluster C,, C,, and C; get the highest scores among others. Because cluster C; contains the
title sentence S1, it is our first candidate—others are selected from the rest clusters ranked by their
scores. So, the final description is (S1, S5, and $4).

3. Experiments and Results

Training data. We adopt articles of earth science from [28], and choose one hundred articles as our
training data. They contain nine to twenty-eight sentences (fourteen sentences in average). After
cleaning them up, we ask four graduate students for help. They annotate them manually by selecting
some fittest sentences. Hence, we conduct the experiments, and compare the differences between
experts and our Clustering Descriptor approach.

: . ANB AN B
Evaluation. We usePreC|S|on=¥ and Recallz% [23] to evaluate the results,

where A denotes the number of sentences in the descriptions automatically generated by a computer;
B denotes the number of sentences in the descriptions manually annotated by people. Since A and B
are set to be equal in our assumption (section 2.3), we only list precision measure in the following.
Baseline. We implement two methods callEBIANDOM andNo_ Clustring as our baseline
measurement. For the former, we randomly pick up descriptive sentences; for the later, we only
consider four features mentioned in section two without clustering.
Experiment one: Clustering Descriptor without featureweight (a =B =w=06=1). Table
2 shows that Clustering Descriptor could actually improve the resulting performance—its precision
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raises6.30% from No_Clustering to Clustering Descriptor, &1&1% from Self-Organizing Map
to Clustering Descriptor.

Table 2: Experiment one—Clustering Descriptor without feature weight.
RANDOM|No_Clustering SOM CD
Precision 0.289398| 0.584527 | 0.564471®.647564

Experiment two: Clustering Descriptor with featureweight. We fine tuned four weighting
parameters by changing one out of four at a time, and obtain an approximate optimal weight set:
{5:3:4:1, 5:7:9:10, 3:3:3:5}. Table 3 shows that Clustering Descriptor is improved significantly. Its
precision increase®$.30% from No_Clustering to Clustering Descriptor, afdl6% from
Self-Organizing Map to Clustering Descriptor.

Table 3: Experiment two—Clustering Descriptor with feature weight.

No_ Clustering SOM CD
a:B:wd 5:3:4:1 5:7:9:10 3:3:3:5
Precision 0.6074% 0.598854 | 0.670487

Finding. The small decrease—2.01% (0.584520.56447() in experiment one and 0.86%
(0.607450 - 0.5988540) in experiment two—from No_Clustering to Self-Organizing Map is
because clustering benefits somehow depend omsahtnce length in a learning object. After
examining the clustered sentences again, we found an interesting phenomenon that might be
depicted in Figure 6 and Figure 7. It corresponds to the “aboutness problem” [2]—a good
description highly relies on the information gain within the sentetesce, we could infer thte
longer the sentences are, the higher possibility they contain the overlapped thematic words

Word

2 i ] m ... n
Sentenc
S, thematic word thematic word thematic word Cluste
S thematic word thematic word thematic word | ] b

Figure 6: Longer sentencesarelikely grouped into the same cluster.

Sentence

S, thematic wordl |Clustep,
S, thematic word Clustey,
Figure 7: Shorter sentencesare likely divided into different clusters.

Moreover, the net effect aflustering plus feature weiglalso shows its advantage—8.60%
increase in precision rate: 0.584527 (no clustering and feature weight in Table 2) to 0.670487
(clustering and feature weight in Table 3).

4. Conclusions

More and more learning objects have been created nowadays. Manual annotation becomes
infeasible for the annotators or authors. To reduce their burden, an intelligent and automatic
annotation system is taken into account for facilitating the learning object’s reusability in e-learning
applications. In this paper, we propose a novel approach, Clustering Descriptor, which adopts
Chinese language processing technologies (suchtagging, key word extraction, and
summarization),Neural Networks Information Retrieval and Latent Semantic Analysifo
automatically generate Description metadata. From the two experiments discussed in section three,
we found thatlustering techniquetsuch as k-means, and Self-Organizing Méggture selection

(title, thematic words, etc.), armbmantic analysig¢e.g. Latent Semantic Analysis) contribute for
certain extent to the final performance. It is because our Clustering Descriptor much takes the
relevant features and semanticsinto consideration. Therefore, it improves the precision for
description generation. We have also developed automatic annotation systems [13] for other
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metadata fields in TW LOM that could be integrated inftitare as a tool to facilitate learning
object’s reuse.
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